• Industry competitiveness and positioning in GVCs depend on bundles of skills at the worker level, rather than on workers endowed with only one type of skills (e.g. problem solving skills). Policies focusing on enhancing only certain types of skills may thus end up being counterproductive for overall industry competitiveness. For instance, quantitative or STEM (Science, Technology, Engineering and Mathematics)-related skills need to be complemented with communication and team-working skills for ICT industries to thrive. • Workers' observed heterogeneity in their skills' mix (i.e. their bundles of skills), as well as country-wide dispersion of skills, matter for countries' specialisation in specific industries and the extent to which these industries integrate into global markets. For instance, two countries characterised by similar average levels of "literacy skills" may end up specialising in completely different industries and position themselves at different stages along GVCs depending on the "skills dispersion" underlying the observed mean levels. • The distribution of workers' skills matters for industry competitiveness and positioning in GVCs both when skills are taken individually (by type of skills), as well as when they are taken in bundles. • The magnitude of the implied trade effects of the distribution of skills' bundles is larger than the trade effects predicted by the relative endowment of capital to labour, which shows that skills are key for economies to thrive in GVCs.
Taken together, the results suggest that education and skills policies as well migration policies, which are sometimes thought to be only remotely connected to industry and trade policies, strongly influence countries' industrial structure and specialisation in international trade, as they shape within countries' skills distributions. Better coordination and alignment of industrial and trade policies with educational policies are thus needed to avoid counteracting policies and inefficiencies. Having the 'right' bundle of skills at the worker level emerges as an imperative for sectors to be competitive along GVCs.
Introduction
The performance and positioning of firms, as well as the specialisation and competitiveness of industries and economies in global value chains (GVCs) are shaped by the skill composition of the workforce. Studies in the international trade literature provide important insights about the way in which skills, and more broadly human capital, shape comparative advantages in GVCs. Heckscher-Ohlin general equilibrium models (see e.g. Heckscher and Ohlin, 1991 , for an overview), which predict the patterns of commerce and production based on the factor endowments of countries and regions, argue that countries (regions) will specialise in and export products which use their relatively more abundant and cheap factor(s) of production more intensively. Countries (regions) will conversely import products using their relatively scarcer factor(s).
In such types of frameworks, a relatively skilled workforce -with skills measured by educational attainment -has been recognised as a source of comparative advantage enabling countries to specialise in high-skilled activities (Romalis 2004 , Chor 2010 . In these models, workers are generally thought to either be unskilled or skilled -that is, skill endowment is measured in a dichotomous fashion -and only the country-level relative endowment of each worker type matters for countries' comparative advantage and specialisation in international trade. The focus has mainly been on individually considered types of skills only, whereas common knowledge suggests that workers are heterogeneous in terms of the (bundles of) skills they are endowed with and that different skills and combinations thereof may matter jointly.
Addressing these concerns, recent theoretical literature has introduced other types of workers' heterogeneity to investigate the effects of skills and human capital on the patterns of industry specialisation and international trade (Grossmann 2013 ). On the one hand, Grossman and Maggi (2000) , Grossman (2004) , Bougheas and Riezman (2007) and Bombardini et al. (2009) investigate the effects of the country wide dispersion of human capital on countries' comparative advantage, with endowment still measured in terms of one single skill. On the other hand, Ohnsorge and Trefler (2007) focus on the importance of a mix of various skills at the worker level (the "skill bundle") and on their country-wide joint distribution for countries' comparative advantage in international markets.
While theory has been advancing in this respect, the empirical literature investigating the effect of workers' heterogeneity, in terms of both skill types and skill distribution, on countries' comparative advantage in GVCs remains nevertheless fairly scant (Bombardini et al. 2012 , Assuyama 2012 . Among the few studies that exist, OECD exploratory analysis (Grundke et al., 2016) suggests that various types of skills and different moments of the skill distributions of countries relate to economic performance and trade in value added patterns in different ways.
This work contributes to the policy discussion on the role of skills and skill endowment for countries' industrial specialisation patterns and positioning in GVCs and advances the existing literature on comparative advantage in several ways.
First, it tests the predictions of the theoretical model of Ohnsorge and Trefler (2007) about the effect of workers' skills mix (skill bundle) and the country-wide distribution of these skill bundles on trade specialisation. Ohnsorge and Trefler (2007) assume that workers possess more than one skill, with skills that are bundled at the worker level; and that firms in different industries search for workers with a certain OECD SCIENCE, TECHNOLOGY AND INNOVATION WORKING PAPERS combination of skills (i.e. the skill bundle). Their model predicts that the country wide distribution of skill bundles affects the specialisation of countries' in certain industries and their integration in international markets and GVCs. This study finds strong evidence for this prediction and shows that skill bundles matter much more than traditional determinants of countries' comparative advantage: the magnitude of the implied trade effects of the skill bundle distribution are larger than the effects of the relative endowment of capital to labour as well as the relative endowment of workers with different levels of education. In addition, this work also finds evidence in support of Bombardini et al.'s (2012) empirical results that the within-country dispersion of skills matters for industry specialisation. This implies that two countries featuring similar average skill endowment levels may end up specialising in completely different industries and position themselves at different production stages along GVCs depending on the skills' dispersion underlying the observed mean levels.
Second, the present analysis uses information on assessed numeracy, literacy and problem solving skills from the OECD Survey of Adult Skills (PIAAC) 2 to measure the cognitive skills that workers are endowed with. This is an important contribution, as previous studies only rely on educational attainment to proxy for workers skills (Romalis 2004 , Chor 2010 ; the only exception is Bombardini et al. 2012 ). Moreover, this study exploits novel task-based skill indicators, which were constructed using information on job tasks from PIAAC, to measure the skill intensity of industries (see Grundke et al., 2017 for details). The novel task-based skill indicators not only mirror the different types of cognitive skills that workers are endowed with, but also manage to account for the intensity of managerial, self-organisation and marketing and accounting tasks of industries. This represents an important step towards a better understanding of the type of skills that matter for economic performance and for GVCs, as previous studies only rely on educational attainment and dichotomous occupational classifications (i.e. production vs. non-production workers) to measure skill intensities of industries (Romalis 2004 , Chor 2010 . This analysis further relies on value-added indicators from the Trade in Value Added Database (TiVA 2015), 3 which make it possible to better account for the sequential and fragmented nature of worldwide production processes, and to get more accurate and realistic measures of GVCs.
Third, to the best of our knowledge, this study is the first to propose an analysis encompassing agricultural, manufacturing and services industries and to use average industry intensity measures computed across a larger number of countries. Existing studies mainly focus on manufacturing industries only and rely on United States industry-related measures, which are then used as if they were representative for all countries.
Taken together, the results obtained call for the need to coordinate industrial policies and education and skills policies, for countries to preserve and enhance their comparative advantages. They further underline the importance of having the "right" skill mix at the worker level, for production and industrial specialisation purposes, and that policies focusing only on certain types of skills may be short-sighted. Quantitative or STEM (Science, Technology, Engineering and Mathematics)-related skills need to be complemented with communication and team working skills. While it is true that firms in e.g. information and communication technologies-related industries or in manufacturing industries may need workers with strong quantitative skills, it is also true that these workers will not be able to adequately participate in the production process if lacking a certain level of communication and team-working skills. Education and skills policies, which are sometimes thought to be only remotely connected to industrial and trade policies, appear to strongly influence countries' industrial structure and specialisation in international trade, as they shape within countries' skills distributions. Thus, a better coordination and alignment of industrial and trade policies with education and skills policies seems to be necessary to avoid counteracting effects of policies on industries and trade patterns that cause inefficiencies.
The remainder of this paper first reviews the literature on the links between countries' skills distribution and comparative advantages. It then develops the hypotheses that are empirically tested and proposes a number of specifications aimed at assessing the effect of different moments of the skills distributions and of bundles of skills on the comparative advantage of countries. A discussion of what the empirical evidence provided suggests as well as of possible alleys for future policy-relevant research concludes the paper.
Skills heterogeneity and countries' comparative advantage: a review
Existing empirical studies suggest countries' comparative advantages in certain industries and their specialisation in international trade to arise out of, among others: relative factor endowments (Davis and Weinstein 2001 , Romalis 2004 , Egger et al. 2011 , international technology differences (Trefler 1993 and 1995 , Eaton and Khortum 2002 , Morrow 2010 ), institutional quality (Levshenko 2007 , Nunn 2007 , Costinot 2009 ), labour market frictions (Cuñat and Melitz 2010, Tang 2012) , the capacity to comply with product standards (Essaji 2008) , credit constraints (Manova 2008) and trust (Cingano and Pinotti 2016) .
In this literature, skills and human capital appear as determinants of countries' comparative advantage mainly in the context of relative factor endowments (Romalis 2004 , Chor 2010 . As mentioned, skill endowment is measured by educational attainment and workers are thought of being either unskilled or skilled. Comparative advantage and specialisation in international trade are shaped by the relative total endowment of each worker type at the country level. Costinot (2009) deviates from this Heckscher-Ohlintype of analysis and postulates that the level of human capital per worker matters only in conjunction with countries' institutional quality. He further argues that it is only the average level of one type of human capital per worker that matters for countries' specialisation in international trade. Conversely, differences in human capital between workers, as captured by moments of the distribution of human capital other than the mean, as well as different types of human capital do not matter.
The theoretical literature on the determinants of countries' comparative advantage has only recently introduced types of workers' heterogeneity other than the typical Heckscher-Ohlin dichotomy of unskilled vs. skilled workers. On the one hand, Grossman and Maggi (2000) , Grossman (2004) , Bougheas and Riezman (2007) and Bombardini et al. (2009) investigate the effects of the country wide dispersion of human capital, which is assumed to be a single skill, on countries' comparative advantage. They predict that even if countries have the same average skill endowments, differences in the dispersions of skills will lead to industry specialisation and trade between those countries. On the other hand, Ohnsorge and Trefler (2007) deviate from the assumption that workers only possess one type of skills and focus on the importance of a mix of various skills at the worker level (skill bundles). They predict that, in addition to the typical Heckscher-Ohlin effect of relative skill endowments, the country specific joint distribution of the various skills bundled at the worker level strongly influences the comparative advantage of countries and their specialisation in international trade.
While theory has been advancing, only few studies provide relevant empirical evidence. Among them there are Bombardini et al. (2012) and Assuyama (2012) . These have shown that the country wide dispersion of skills affects industrial specialisation and the integration of countries in international markets: countries with higher skill dispersion specialise in industries featuring lower skill complementarities (Bombardini et al. 2012) or having shorter production chains (Assuyama 2012).
Main insights from Ohnsorge and Trefler (2007)
The theoretical model of Ohnsorge and Trefler (2007) focuses on a new mechanism to explain why countries' skills endowments matter for the specialisation in certain industries and in international markets. The authors argue that it is especially the mix of skills at the worker level (skill bundle) that matters for the OECD SCIENCE, TECHNOLOGY AND INNOVATION WORKING PAPERS production process, rather than having heterogeneous types of workers each endowed with a single skill. As an example, they refer to a survey of the Indian ICT sector showing that employers look for workers endowed with specific bundles of skills. They highlight that, while many graduates from Indian engineering schools are endowed with the needed quantitative skills, they nevertheless lack important teamwork and presentation skills, and therefore do not meet the industry's requirements for employability. Ohnsorge and Trefler (2007) show that the joint distribution of skill bundles within a country's population influences the specialisation of countries within specific industries as well as countries' specialisation in international trade. Their model features two types of skills, namely 'quantitative skills' and 'communication and teamwork skills'. The authors show that different moments of the joint distribution of these two skills within the working population of countries, i.e. the correlation of skills across individuals, the joint variance of these skills and their relative mean, affect the comparative advantage of countries and their specialisation in international trade.
The model makes the following assumptions: workers are heterogeneous and endowed with two attributes, i.e. a specific bundle of quantitative and communication skills 4 ; industries differ according to their relative skill requirements 5 ; the marginal product of a specific skill bundle differs across industries; and industries pay workers a wage equal to their marginal product. 6 Workers sort across industries on the basis of Ricardian comparative advantages, i.e. they sort into the industry that pays the most for the specific skill bundle they possess. Thus, although workers are perfectly mobile across industries, each worker is endogenously specific to the industry where his specific skill bundle has the highest marginal product.
Hence, the allocation of workers across industries is not determined by how much of each attribute a worker is endowed with, but rather by how these attributes are bundled together, i.e. by the ratio of the skill levels per worker. Ohnsorge and Trefler (2007) call this ratio the 'comparative advantage of workers' for specific industries. For example, a worker with a high ratio of quantitative to communication skills has a comparative advantage in quantitative industries and will sort into these industries accordingly. While the absolute level of skills does not influence the sorting of workers across industries, it affects the absolute productivity of workers and hence their wages. Thus, workers with high levels of both skills have an absolute advantage in all industries. Given the ratio of quantitative to communication skills for a certain worker, the higher the level of communication skills of this worker, the higher her quantitative skills.
The authors call the ratio of both skills the relative comparative advantage and the level of the communication skills, given the ratio of both skills, the absolute advantage of workers. 7 One key parameter explaining countries' specialisation in certain industries is ρ, i.e. the country wide correlation between comparative and absolute advantage across workers. For instance, in the case of a comparative advantage measured as the ratio of quantitative to communication skills, and of an absolute advantage measured as communication skills, a positive correlation of comparative and absolute advantage means that workers sorting into quantitative-intensive industries (because they have a comparative advantage in those industries) are also the workers having an absolute advantage in all industries. Conversely, workers sorting into communication intensive industries are the ones with an absolute disadvantage in all industries. The reverse is true for a negative ρ. If ρ is close to zero, workers with an absolute advantage in all industries are dispersed randomly across quantitative and communication-intensive industries. Ohnsorge and Trefler (2007) predict that in a hypothetical two country world where trade is balanced, no barriers to trade exist and countries do not differ in any aspect except for differences in ρ (i.e. countries have the same relative factor endowments, preferences and production functions as well as the same mean and standard deviation of the joint distribution of quantitative and communication skills), the country with the higher ρ will specialise in industries that are relatively intensive in quantitative skills, for example ICT industries. This will happen as the best workers, i.e. those having an absolute advantage in both skills, will sort into the quantitative intensive industry and will thus increase the absolute productivity of this industry compared to other countries with a lower correlation. Conversely, the country with the lower ρ will specialise in communication intensive industries, such as the movie industries.
To illustrate their theoretical predictions, the authors rely on data from the International Adult Literacy Survey (IALS, i.e. an antecedent of the OECD's PIAAC) and compute some basic moments of the joint distributions of skills for the countries in the sample. In particular, they interpret assessed literacy skills as measuring contextual understanding and communication skills and assessed numeracy as quantitative skills. Analysing the correlations of comparative advantage and of absolute advantage across workers within countries, they conclude that there are significant differences across countries, but do not elaborate further on this empirical evidence. 8 Ohnsorge and Trefler (2007) further develop two more predictions on how the joint distribution of workers' skill bundles matters for the specialisation of countries in international markets. The first one states that if two countries differ only with respect to the variance of the joint skill distribution of quantitative and communication skills (with mean and ρ being the same in both countries), the country with the higher joint variance will specialise in industries that are intensive either in quantitative or in communication skills. The country with the smaller variance will conversely specialise in industries that are neither intensive in quantitative nor in communication skills. As an example, the authors put forward the case of Germany and argue that the country's narrow joint distribution in those skills might explain why Germany is a major exporter of manufactured goods requiring both types of skills to a similar extent (i.e. they are not intensive in any of them). Conversely, the United States, with their highly unequal joint distribution of skills, specialise in industries that are intensive in either quantitative skills (e.g. ICT) or industries that are intensive in communication skills, like the movie industry. Ohnsorge and Trefler's (2007) third prediction is similar to the Heckscher-Ohlin prediction adapted to two types of skilled labour. It states that the country that is relatively more endowed with quantitative relative to communication skills will specialise in quantitative-intensive industries. The country that is relatively less endowed with quantitative skills will specialise in communication intensive industries. In their model, the relative skill endowment is expressed as the population mean of the ratio of quantitative to communication skills per worker. A country with a higher average ratio of quantitative to communication skills per worker will have relatively more workers with a skill bundle that yields them a comparative advantage in quantitative intensive industries. Thus, for this country it will be relatively cheaper to produce quantitative intensive products than communication intensive products, as compared to a country with a lower average ratio. The country with the higher ratio will therefore export relatively more quantitative intensive products.
Main insights from Bombardini et al. (2012)
Most of the existing literature studying the relationship between worker heterogeneity and international trade generally overlooks the existence of frictions in the labour market (Grossmann 2013) . Studies generally assume that firms can readily observe the abilities of workers that they might potentially hire. However, empirical evidence shows that labour markets are plagued with frictions that impede an efficient matching of workers to industries, firms and production teams (e.g. Krishna et al. 2012 ). Bombardini et al. (2009 Bombardini et al. ( , 2012 Bombardini et al. ( and 2014 model and empirically investigate the dynamics of a multicountry, multi-industry model of trade in which firms are unable to perfectly observe the ability levels of their potential hires. In their model, production requires teams of workers and industries differ in the extent to which employees' talent within the production team is complementary or substitutable. Some industries, such as aerospace or engine manufacturing, require completing long sequences of tasks. Poor performance at any single stage greatly reduces the value of output. These industries, known as the O-ring model OECD SCIENCE, TECHNOLOGY AND INNOVATION WORKING PAPERS (Kremer, 1993) , have high skills complementarity (low skill substitutability case) and efficiency improves when workers of similar skills are employed in every stage of the production. In other industries, such as paper manufacturing, skills are more easily substitutable (low skill complementarity case) and poor performance in some tasks can be mitigated by superior performance in others, implying that, for instance, teamwork is relatively less important.
The authors assume a search environment such that firms in every industry sample randomly from the country's unobserved talent distribution. As a consequence, perfect matching of workers with similar ability levels is not possible and efficient sorting of abilities to industries is not obtained. These random matches are particularly costly (in terms of expected output) in industries where the complementarities between workers' talents are greatest. In a setting with many countries and many goods, the authors predict that a country with a relatively smaller dispersion of unobserved ability levels will export goods characterised by greater complementarities in the production processes. When testing their model, Bombardini et al. (2012) use data from the International Adult Literacy Survey (IALS) to measure countries' unobserved skill dispersions. The data on literacy skills from the IALS reveals substantial cross-country differences in the skill dispersion for the 19 countries considered. The authors approximate the distribution of unobserved skills (so-called 'residual skills') by purging IALS scores for literacy of the effect of a variety of observable characteristics, such as education, age (measured in terms of 5 age groups), gender, immigrant status and participation in adult education or training programmes in the 12 months prior to the survey date.
As the degree of skill complementarity in production is not directly observable, Bombardini et al. (2012) take two distinct approaches. First, they use the distribution of residual wages within industriesobtained by means of purging the effects of observable characteristics from observed wages -to proxy for the unobserved degree of skill complementarity of an industry. Based on their theoretical model, they argue that industries with a higher complementarity of skills have a more compressed residual wage distribution. To compute the residual wage distribution within industries, they use U.S. Census data and assume that the industry ranking of the degree of complementarity of skills does not change across countries. Second, they use a set of proxies to account for the skill complementarity of industries built on data from O*NET, the occupational network database published by the U.S. Department of Labor 9 . These allow quantifying the degree of teamwork, communication and interdependence between workers' labour inputs, for a variety of industries. Bombardini et al. (2012) argue that industries with a higher degree of team work and communication will show a relatively higher degree of skill complementarity in production. For their empirical specification, they use the ranking of industries on the complementarity index for the U.S. as proxy for the general ranking of industries across countries. Bombardini et al. (2012) show that countries with narrower unobserved skill dispersion specialise in sectors characterised by higher complementarity of skills across tasks, i.e. sectors where teamwork is crucial and efficiency is higher if workers of similar skills are employed at every stage of production (such as aerospace or engine manufacturing).
Data and Empirical Strategy
This study uses OECD PIAAC data to investigate the importance of the mix of different types of skills and their joint distribution for the industrial structure and the specialisation of countries in international trade and tests the theoretical prediction of Ohnsorge and Trefler (2007) . It also extends the empirical analysis of Bombardini et al. (2012) to a larger set of cognitive skills and a larger sample of countries. PIAAC provides a unique possibility to better measure different types of skills as well as their use in specific industries. Hence, while existing literature has mainly relied on educational attainment to proxy skills, this paper relies on the cognitive skills measured by PIAAC as well as the new task-based skill measures described in Grundke et al. (2017) .
Applying the theoretical model of Ohnsorge and Trefler (2007)
Regarding the empirical test of Ohnsorge and Trefler's (2007) model, this study uses the assessed cognitive skills literacy, numeracy and problem solving to measure the skill bundles that workers are endowed with. It seems reasonable to assume that a country's supply of assessed cognitive skills of its adult population (as measured by PIAAC) is exogenous to countries specialisation in international trade and GVCs. The empirical implementation proposed exploits all possible combinations of skills, namely: numeracy and literacy, problem solving and numeracy and problem solving and literacy.
The relative intensity of industries in these three types of skills is computed using new indicators of job-specific skill and task requirements constructed using items included in the PIAAC background questionnaire (see Grundke et al., 2017) . 10 For the analysis it is important to establish a correspondence between assessed cognitive skills and the new indicators on job-related skill requirements. This can be done using PIAAC, as one of the declared purposes of the survey was to measure the use of assessed cognitive skills as well as of other skills at the work place (OECD, 2013, p. 20 G_Q01g Frequency of reading financial invoices, bills etc. G_Q03b Frequency of calculating prices, costs, budget G_Q03d Frequency of using calculator F_Q02d Frequency of client interaction selling a product or a service Numeracy Self-Organisation D_Q11a extent of own planning of the task sequences D_Q11b extent of own planning of style of work D_Q11c extent of own planning of speed of work D_Q11d extent of own planning of working hours
Problem Solving
Note: The indicators on job-related skill requirements are constructed using an exploratory factor analysis and a set of 57 items from the PIAAC background questionnaire (for further details see Grundke et al., 2017) .
Source: Grundke et al., 2017 Based on the description of the cognitive assessment tests contained in the technical report of PIAAC (OECD 2013), it is reasonable to assume that assessed literacy does not just measure the common notion of literacy, intended as simple reading and writing of texts. Literacy is defined in PIAAC as: "understanding, evaluating, using and engaging with written texts to participate in society, to achieve one's goals, and to develop one's knowledge and potential" (ibid., Chapter 2, p. 3). The literacy test hence tries to get insights about three broad cognitive strategies, two of which relate to interpretation, reflection and the evaluation of tasks. Participants were required to relate parts of one text to parts of other texts and to draw on knowledge, ideas and values external to the text to evaluate aspects of the text and understand the broader context. Thus, in a spirit similar to Ohnsorge and Trefler's (2007) and Bombardini et al.'s (2012) , and their interpretation of assessed literacy in the IALS, the assessed literacy skills contained in PIAAC can be interpreted as also measuring the ability to analyse complex social contexts and to deal with social interaction using the language, an ability which is strongly related to communication and interaction skills.
OECD SCIENCE, TECHNOLOGY AND INNOVATION WORKING PAPERS
This study therefore relates the measured concept of literacy to the tasked based skill indicator on Management and Communication (see Grundke et al., 2017) .
Assessed numeracy is defined in PIAAC as "the ability to access, use, interpret and communicate mathematical information and ideas, in order to engage in and manage the mathematical demands of a range of situations in adult life" (ibid., Chapter 3, p. 6). Thus, PIAAC assessed numeracy mainly measures individuals' numerical abilities and the extent to which individuals can process mathematical information. Contextual interpretation of social communication is not a core concept measured by numeracy. Interpretation and reflection tasks exclusively focus on the analysis and interpretation of mathematical content including data and probability, dimension and shape, patterns and relationships and quantity and changes represented in the form of graphs and tables. Thus, assessed numeracy should be strongly related to the job requirements of complex and less complex numerical skills. This study argues that assessed numeracy is maximally related to the task based skill indicator Marketing and Accounting, which captures mainly less complex numerical tasks (see Grundke et al., 2017) .
In PIAAC, the assessed skill "problem solving in technology-rich environments (PSTRE)" is defined as "using digital technology, communication tools and networks to acquire and evaluate information, communicate with others and perform practical tasks" (ibid. p. 9). However, the report states that "…the cognitive dimensions of problem solving were considered the central object of the assessment, with the use of ICT as secondary" (ibid. p. 12). The assessed cognitive dimensions include mental structures and processes involved when a person solves a problem, i.e. setting goals and monitoring progress, planning, accessing and evaluating information as well as making use of information by selecting, organising and transforming information (ibid. p. 10). Thus, the construct PSTRE substantially differs from the cognitive processes involved in the constructs literacy and numeracy. The assessed skill PSTRE also measures the ability to work in a self-organised and independent fashion, to identify problems, set goals and find solutions. Thus, it seems reasonable to relate this assessed skill PSTRE to the task based skill indicator of self-organisation and planning identified in see Grundke et al., 2017. As mentioned, this study uses three types of cognitive skills (literacy, numeracy and problem solving) and their corresponding industry task intensity (Management and Communication, Marketing and Accounting and Self-Organisation) to empirically test the model of Ohnsorge and Trefler (2007) . Because the model only focuses on skill bundles consisting of two different skills, this study tests the theoretical predictions of the model for each possible combination of two assessed cognitive skills (i.e. numeracy and literacy, problem solving and numeracy and problem solving and literacy) with their respective corresponding relative industry task intensity (i.e. Marketing and Accounting with Management and Communication, Self-Organisation with Marketing and Accounting, and Problem solving with Management and Communication).
Following Ohnsorge and Trefler (2007) , a country's specific correlation of relative and absolute advantage of workers (ρ) is computed as the correlation of the (log of the) ratio of two cognitive skills and the (log of the) skill in the denominator across all individuals within one country using PIAAC scores on cognitive skills. 12 This correlation is computed for all three possible combinations of the assessed cognitive skills (numeracy, literacy and problem solving). For example, using the two assessed skills numeracy and literacy, the authors compute the correlation of the (log of the) ratio of numeracy scores to literacy scores with the (log of the) literacy scores. Figure 1 shows that the correlations differ substantially between countries for all three possible combinations of assessed cognitive skills. Taking the example of the correlation for numeracy and literacy, the figure shows a positive correlation of 0.26 for the United States and a negative correlation of -.021 for Estonia. This means that in the United States, workers with a relative comparative advantage in numeracy skills (high ratio of numeracy to literacy scores) are also the ones with higher absolute scores in both cognitive skills, i.e. numeracy and literacy. In contrast in Estonia, workers with a comparative advantage in numeracy skills have low absolute scores in both numeracy and literacy skills.
Figure 1: Correlation of relative and absolute cognitive skill advantage of workers, 2011
By country, for all three combinations of assessed cognitive skills Source: Authors' own compilation on data from PIAAC.
Note: Asterisks (*) denote countries where problem solving in technology rich environments tests were not performed (OECD, 2013) .
To test the prediction of Ohnsorge and Trefler (2007) on the effects of relative skill endowments on specialisation patterns, we compute the country-specific average relative endowment of workers with two cognitive skills (e.g. problem solving and numeracy) as the average of the (log of the) ratio of the two cognitive skills across all individuals within one country. To this end, PIAAC scores on cognitive skills are used. 13 Figure 2 shows this relative endowment measure for all three combinations of cognitive skills, for all countries. Due to the use of logs of the ratio, a negative value of the relative endowment measure signals that the average ratio is smaller than 1. In the case of problem solving and numeracy, the United States shows a strongly positive value of 0.06, which means that workers in the USA are on average relatively better endowed with problem solving skills than with numeracy skills. For Slovakia, the same endowment measure is negative, which shows that workers in Slovakia are relatively better endowed with numeracy skills compared to problem solving skills.
Figure 2: Relative endowment of cognitive skills by country
Log values, for all three combinations of assessed cognitive skills Source: Authors' own compilation on data from PIAAC.
Note: Asterisks (*) denote countries where problem solving in technology rich environments tests were not performed (OECD, 2013).
The relative intensity of an industry in task-based skill A to task-based skill B is calculated as the average value of the task-based skill indicator A in the industry (across countries and individuals) divided by the average value of the task-based skill indicator B in the industry (across countries and individuals). 14 , 15 For example, when using problem solving and numeracy to compute countries' skill endowments, we compute the relative intensity of industries as the average value of the Self-organisation indicator by industry (calculated across all countries and individuals), divided by the average value of the Marketing and Accounting indicator by industry (also calculated across countries and individuals). In line with previous research on comparative advantage (Chor 2010 , Bombardini et al. 2012 , the authors construct an index that ranks industries according to the computed relative task intensity and use this index in the baseline specifications (Appendix Table A5 ). 16 For example, the Finance and Insurance Industry (industry 24) is relatively less intensive in Self-Organisation as compared to Management and Communication as well as in Self-Organisation as compared to Marketing and Accounting (Column 1-2 and 3-4 of Table A5 ). Moreover, it is relatively intensive in Marketing and Accounting as compared to .
Applying the theoretical model of Bombardini et al. (2012)
To empirically test the theoretical predictions of Bombardini et al. (2012) , this study relies on information about the three assessed cognitive skills included in PIAAC (i.e. literacy, numeracy and problem solving) to measure the unobserved skill dispersions of countries. Background information from PIAAC on individual characteristics such as education, age, gender, immigrant status and participation in adult education or training programmes, is used to 'purge' the skill distribution from observable characteristics (i.e. to get to the 'other things been equal' stage) and to compute the dispersion of unobserved skills, i.e. the residual skill distribution. Figure 3 shows the residual skill dispersion for the three cognitive skills. Across all countries, the residual dispersion of the problem solving skills is smaller or equal than the residual dispersion of numeracy and literacy skills. Japan has the lowest residual skill dispersions and Spain and Australia among others have the highest residual skill dispersions. The complementarity of production in industries is measured by the task-based skill indicator of Management and Communication, as this is similar to the O*NET measures used by Bombardini et al. (2012) . As in Bombardini et al. (2012) , an index ranking industries according to the computed complementarity index is constructed (see Table A6 Appendix). The industry Agriculture, Hunting, Forestry and Fishing is the industry that is the least intensive in Management and Communication and thus has the lowest skill complementarity in production. Production in this industry seemingly does not entail long chains of different tasks, and skills appear highly substitutable in production. The reverse is true for the Finance and Insurance Industry as well as other Services Sectors, which all rank high in the Management and Communication Indicator and thus show high levels of skill complementarity in production.
The final data set: linking skills, trade and GVC industry-level data
The analysis relies on a typical sectoral gravity model for bilateral trade flows, commonly used in the empirical literature on comparative advantage (Davis and Weinstein 2001 , Romalis 2004 , Nunn 2007 , Levshenko 2007 , Chor 2010 . In this context, PIAAC data on skills have been linked to TiVA data for the year 2011 (i.e. the year for which PIAAC data are available) to generate a cross-sectional dataset on skills and trade flows in gross and value added terms. An important contribution of this study is in fact the use of value added trade flows as the dependent variable (Timmer et al. 2013 ). This allows avoiding problems of previous studies: as they rely on gross trade flows, they do not measure the actual value added created in the exporting country; and services are often excluded from estimations mainly focussing on manufacturing industries (Johnson 2014) . To allow for comparisons with existing literature, the model is nevertheless also estimated using gross exports as the dependent variable.
The constructed bilateral industry level dataset includes: 23 exporting countries (excluding Cyprus, 1718 ) i.e. those countries for which skill-related PIAAC data are available; 61 importing countries; and 34 TiVA industries 19 for the year 2011. Exports in gross and value added terms, domestic value added embedded in foreign final demand as well as final demand per importing countries' industry for the year 2011 are taken from the TiVA 2015 database. Measures for the distribution of cognitive skills within countries are computed using the assessment scores from the PIAAC database for the year 2011. The relative skill intensities of industries are measured using the task-based skill indicators described in OECD SCIENCE, TECHNOLOGY AND INNOVATION WORKING PAPERS Grundke et al., 2017 , which use information from PIAAC on the tasks that workers perform on the job (see Table 1 above).
Additional control variables traditionally used in empirical analysis of comparative advantage (see Bombardini et al. 2012 ) have been included using fixed net assets data from the OECD System of National Accounts (SNA) and employment data from TiVA. These allow computing countries' relative endowment of capital to labour, here calculated as the log of the average real net fixed assets per worker, as well as the capital intensity of industries for the year 2011. The capital intensity of an industry corresponds here to the share of net fixed assets per worker. In the baseline estimation, the average over all PIAAC countries is used and a rank index is constructed to rank industries according to their capital intensities. 20 The relative endowment of countries in skilled to unskilled workers as well as the skill intensity of industries is computed using data about the country-and industry-level share of workers with different educational attainments from the World Input-Output Database (WIOD) 21 for the year 2009 (the closest to the 2011, given that data for 2011 are not available). 22 The relative endowment of countries in skilled to unskilled workers is computed as the log of the ratio of the number of workers having completed a secondary or tertiary degree divided by the number of workers having not completed a secondary degree. The skill intensity of an industry is computed as the share of workers having completed a secondary or tertiary degree, whereby the average over all PIAAC countries is used and a rank index is constructed to rank industries according to their skill intensities. 23 Data on bilateral trade barriers have been gathered from the Centre d'Études Prospectives et d'Informations Internationales (CEPII) database. 24 The following time invariant trade barrier variables are included in the estimates proposed: log of bilateral distances as well as dummy variables for common colonisers; common language; sharing a common border; having ever had a colonial link.
Empirical strategy
Building on the recent empirical literature on comparative advantage and specialisation of countries in international trade (Bombardini et al. 2012 , Chor 2010 , Davis and Weinstein 2001 , Rajan and Zingales 1998 , the following bilateral trade model at the industry level for the year 2011 is estimated:
For exporting country i, importing country j and industry k.
The dependent variable is the log of bilateral exports, estimated in gross or value added terms. As a third dependent variable, the authors use the valued added created in home country i and industry k embedded in final demand of foreign country j. 25 The independent variable of interest is an interaction term between a country's specific endowment characteristic (Endow i ) and an industry-specific characteristic (Index k ). For the Ohnsorge and Trefler (2007) specification, an industry specific relative skill intensity measure is used, whereas for the Bombardini et al.'s specification an industry-level measure proxying the complementarity of production enters the specification. 26 The independent variables of interest for the two different specifications are explained in more detail in the subsections below.
All specifications include the log of the final demand in industry k of the importing country j to account for the effects of demand forces on bilateral exports. Furthermore, the following variables z from the CEPII database are included to control for bilateral trade barriers: the log of bilateral distance; dummy variables for common colonisers, common language, sharing a common border and having ever had a colonial link. Moreover, two different sets of dummy variables are included in the specifications. The set D1 includes dummy variables for exporting (µ i ) and importing country (θ j ) as well as for industries (δ k ).
The set of dummy variables D2 is richer than the first one, and includes industry dummy variables (δ k ) as well as dummy variables that control for all omitted aggregated sector characteristics for each exporting and each importing country. To this end, the 34 industries are aggregated into the three macro sectors, namely resource extraction, manufacturing and utilities and services. Robust standard errors are clustered at the exporter-importer level.
Additionally, in terms of control variables, this study relies on the standard determinants (x) of countries' specialisation in international trade (based on relative factor endowments) used in empirical studies on comparative advantage (Bombardini et al. 2012 , Chor 2010 , Nunn 2007 , Levshenko 2007 . The interaction term of the countries' relative endowment in capital to labour (in logs) with an index ranking industries according to their relative intensity in physical capital captures the effect of the relative endowment of capital to labour on the specialisation of countries in international trade. In addition, the interaction term of the countries' relative endowment in skilled to unskilled labour (in logs) with an index ranking industries according to their relative skill intensity (measured by educational attainment) controls for the effect of relative skill endowments on specialisation patterns, as done in existing studies (e.g. Bombardini et al. 2012). 27 
Specification used to test the theoretical prediction of Ohnsorge and Trefler (2007)
This work tests two of the channels identified in the theoretical model of Ohnsorge and Trefler (2007) , namely the effect of ρ, i.e. the correlation of comparative and absolute advantage of workers, as well as the effect of the relative skill endowment on the specialisation of countries in international trade and in GVCs. 28 To test the prediction of Ohnsorge and Treffler (2007) on the importance of skill bundles for countries' specialisation in international trade, this study interacts ρ, the country specific correlation of relative and absolute advantage of workers (in two types of cognitive skills), with the relative intensity of industries in the two specific task indicators that correspond to these two cognitive skills. For example, in the case of problem solving and literacy (as assessed cognitive skills) and the corresponding relative task intensity of industries in Self-Organisation vs. Management and Communication, the study interacts the country-specific correlation of comparative advantage (i.e. the log of the ratio of problem solving to literacy) and the absolute advantage (i.e. log of literacy) of workers with the measure that ranks industries according to their relative intensity in Self-Organisation vs. Management and Communication (larger rank numbers indicating higher intensity values).
According to Ohnsorge and Trefler (2007) , one should expect a positive coefficient (α 1 ) for the interaction term between the country correlation measure and the relative industry intensity. A country characterised by a high positive correlation of comparative advantage (in problem solving to literacy) and absolute advantage should specialise in industries that are intensive in Self-Organisation tasks relative to Management and Communication tasks and export more in those industries. For example a country like the United Kingdom, which shows a strong negative correlation for problem solving and literacy (Figure 1) , should be expected to have a comparative advantage in industries that are relatively less intensive in Self-Organisation (and relatively more intensive in management and communication), like the Finance and Insurance Industries and other services sectors (see Table A5 ). Compared to a country with a higher correlation, like e.g. Japan, the United Kingdom is expected to export relatively more in products that are relatively less intensive in Self-Organisation (e.g. the services sectors, see Table A5 ).
To test the relative skill endowment channel predicted by Ohnsorge and Treffler (2007) , this study interacts the country-specific relative endowment in two types of cognitive skills with the relative intensity of industries in the corresponding task-based skill indicators. For example, in the case of problem solving and literacy, the authors interact the country specific average of the (log of the) ratio of problem solving to literacy scores with the measure that ranks industries according to their relative intensity in Self-Organisation vs. Management and Communication (larger rank numbers indicating higher intensity values).
According to the prediction of Ohnsorge and Trefler (2007) , one should expect a positive coefficient (α 1 ) for the interaction term between a country's relative skill endowment measure and the relative industry intensity. If a country possesses a high relative endowment in problem solving relative to literacy, it should specialise in industries that are intensive in Self-Organisation tasks relative to Management and Communication tasks and export more in those industries. Comparing a country with a high relative endowment in problem solving to literacy, like Germany (Figure 2) , with a country showing a low relative endowment, like Poland, one would expect that Germany would export relatively more in products that are relatively more intensive in Self-Organisation (and relatively less intensive in Management and Communication), like many manufacturing sectors (Table A5) .
For the estimation, the authors include both interaction terms aimed at testing the two different predictions of Ohnsorge and Trefler (2007) in the same specification. This allows identifying the effect of one possible channel on how the joint skill distribution may affect specialisation patterns, while the other possible channel is held constant (an important assumption for the theoretical predictions). 29 According to the predictions of the model, one would expect positive coefficients for both interaction terms.
To address possible concerns about the correspondence between the endowment measures (i.e. the assessed cognitive skills) and the industry skill intensity measures used, the authors also estimate specifications using the assessed cognitive skills (e.g. problem solving and literacy) to define the relative skill intensities of industries. This relative skill intensity measure is then interacted with the country endowment measures computed using the two cognitive skills (e.g. problem solving and literacy). In the literature on comparative advantage, it is common to use the same type of measures to compute countries' relative endowments and relative industry intensities. For example, the share of unskilled workers is used to define the relative skill endowment of countries as well as the relative skill intensity of industries (Bombardini et al. 2012) . Results are robust to using the assessed cognitive skills to define industry skill intensities instead of using the task-based skill indicators, fact which is reassuring. 30
Specification used to test the theoretical prediction of Bombardini et al. (2012)
To test the predictions of Bombardini et al. (2012) , this study interacts the country wide residual skill distribution with the industry measure of skill complementarity in production, i.e. a measure ranking industries according to their intensity in Management and Communication tasks (larger rank numbers indicating higher intensity values). Three types of cognitive skills are used here, namely literacy, numeracy and problem solving, to compute the residual skill distribution. Thus, all specifications are estimated using each one of the cognitive skill for which data are available.
According to the predictions of Bombardini et al. (2012) , one would expect a negative sign for the coefficient (α 1 ) for the interaction term of the residual skill distribution (Endow i ) and the industry measure for complementarity in production (Index k ). A country with a lower dispersion in skills (as denoted by the negative coefficient) is likely to specialise and export products from industries that are more complementary in production. For example, a country like Japan with a low level of "residual skill dispersion" (Figure 3) should specialise in industries that are more complementary in production, e.g. the computer manufacturing industries and other manufacturing industries (Table A6) .
Results

Results for the predictions of Ohnsorge and Trefler (2007)
Table 2 presents the results for the test of two of the channels identified in the theoretical model of Ohnsorge and Trefler (2007) , namely the effect of ρ, i.e. the correlation of comparative and absolute advantage of workers, as well as the effect of the relative skill endowment on the specialisation of countries in international trade and in GVCs.
Both interaction terms aimed at testing the two different predicted channels of Ohnsorge and Trefler (2007) are included in the same specification. A pair of rows in Table 2 corresponds to one specification. This includes both interaction terms, namely: the interaction of the country specific correlation of comparative and absolute advantage with the industry specific relative skill intensity measure; as well as the interaction of the country-specific relative skill endowment with the industry-specific relative skill intensity measure.
The upper panel A shows the results for the dependent variable gross exports, panel B for exports in value added terms and panel C for domestic value added embedded in foreign final demand. As mentioned, the specifications are estimated for all three possible combinations of assessed cognitive skills (namely, problem solving and literacy, problem solving and numeracy and numeracy and literacy) and their corresponding relative skill-intensity measures. The specification in column 1 includes the basic dummy variable set D1 (i.e. industry, exporter and importer dummy variables), column 2 includes additional dummy variables for aggregated sectors in the exporting and the importing country (D2). All specifications additionally include the final demand of the importing country at the industry level, bilateral trade costs as well as independent variables that control for other possible drivers of countries' specialisation in international markets, related to differences in the relative endowments of capital to labour and skilled to unskilled labour. Table 2 only presents the estimated coefficients for the two independent variables of interest, which are: the interaction of the country-specific correlation of comparative and absolute advantage with the industry specific relative skill intensity measure (first of two rows); and the interaction of the countryspecific relative skill endowment with the industry-specific relative skill intensity measure (second of two rows). 31 The results provide robust evidence in favour of the two predictions of Ohnsorge and Trefler (2007) for all three possible combinations of assessed skills. corresponds to a single specification, whereby the interaction terms capturing the skill correlation channel and the relative skill endowment channel, respectively, enter together in one specification. Different row pairs use different definitions for the skill correlations and for relative skill endowments as well as industry intensity measures. Each column represents a different specification regarding the inclusion of certain sets of dummy variables. All specifications include the final demand at the importer-industry level as independent variable. Traditional Heckscher-Ohlin-(HO)-Controls include the interaction of countries relative endowment of physical capital to workers (in logs) interacted with an index ranking industries according to their relative intensity in physical capital as well as the interaction of countries relative endowment in skilled to unskilled workers (in logs) interacted with an index ranking industries according to their relative skill intensity. Trade costs include bilateral trade cost variables from the CEPII database (log of bilateral distance as well as a dummy variable for common colonizer, common language, sharing a common border and having ever had a colonial link). The set of dummy variables used in D1 includes dummy variables for exporting and importing country as well as for industries. D2 includes additional dummy variables that control for all omitted aggregated sector characteristics for the exporting and importing country (34 industries are aggregated into the three sectors resource extraction, manufacturing and utilities as well as services). Robust SE are clustered at the exporter-importer level (*** p<0.01, ** p<0.05, * p<0.1).
When using problem solving and literacy or problem solving and numeracy to measure the skills correlation and the relative skill endowment of workers, the estimated coefficients for both interaction terms are significant and show the expected positive sign in all specifications. As predicted by Ohnsorge and Trefler (2007) , a country with a high correlation between the comparative advantage of workers, measured as the ratio of problem solving to literacy, and the absolute advantage of workers, measured in terms of literacy, indeed specialises in industries that are relatively more intensive in Self-organisation than in Management and Communication (first row of each panel in Table 2 ). Thereby, specialisation refers to countries exporting more in gross and value added terms as well as in domestic value added embedded in foreign final demand. The same is true for the case of using problem solving and numeracy to measure workers skill bundles.
The results are also in line with the second prediction of Ohnsorge and Trefler (2007) on the effect of the relative skill endowment on the specialisation of countries in international trade and in GVCs. A country with a high relative endowment in problem solving to literacy skills will specialise, i.e. will export more in gross and value added terms as well as in domestic valued added embedded in foreign final demand, in industries that are relatively more intensive in Self-organisation than in Management and Communication (second row of each panel in Table 2 ). The same is true for the case of problem solving and numeracy. In the case of using numeracy and literacy as skill bundle measures, the specification using gross or value added exports are also in line with both predictions of Ohnsorge and Trefler (2007) ; only when using the third dependent variable in Panel C the coefficient for the skills correlation channel becomes negative.
To illustrate the magnitude of the effects of the joint skill distribution on specialisation patterns, simple partial equilibrium comparative statics have been calculated for some country pairs as in Bombardini et al. (2012) . The estimates for the correlation of comparative and absolute advantage of workers (using problem solving and literacy as cognitive skills, Table 2 , Panel B and column 2), imply the following differences in exports in value added terms for two countries that differ with respect to the endowment of problem solving and literacy (Japan and United Kingdom) and two industries that differ in their relative skill intensity in Self-Organisation vs. Management and Communication, namely machinery and equipment and finance and insurance. The estimate for the interaction term of the correlation of comparative and absolute advantage and the relative skill intensity (0.075) implies that exports in value added in machinery and equipment relative to exports in finance and insurance (to any other foreign country) are 55% higher in Japan than in the United Kingdom.
This effect is due to the skill bundle -sorting mechanism described by Ohnsorge and Trefler (2007) . In the United Kingdom, which has a very low negative correlation of comparative and absolute advantage (-0.48), workers with an absolute advantage (in problem solving and literacy) specialise in industries that are relatively more intensive in management and communication tasks (and less in problem solving tasks as proxied by the Self-Organisation indicator), e.g. the finance and insurance industry. 32 Thus, the United Kingdom will have its best workers in those industries and is internationally very competitive in finance and insurance industries. In Japan, the correlation of comparative and absolute advantage (for problem solving and literacy) is close to zero (-0.07), and thus workers with an absolute advantage in both skills are dispersed across all industries and do not exclusively go to the finance and insurance industries. In relative terms, Japan will thus have relatively more exports in manufacturing and equipment compared to finance and insurance than the United Kingdom.
Regarding the second prediction of Ohnsorge and Trefler (2007) on the effects of the average relative skill endowment per worker on specialisation in international markets, the magnitude implied by the estimated coefficients is generally smaller than the magnitude of the effects of the correlation of comparative and absolute advantage of workers. For the example of problem solving and literacy and the countries Germany and the United States, the estimated coefficient for the interaction term of the country specific relative skill endowment with the industry specific relative skill intensity measure (0.245) implies that exports in value added in machinery and equipment relative to exports in finance and insurance (to any other foreign country) are 11% higher in Germany than in the United States. This is due to the fact that the relative endowment of problem solving to literacy in Germany (0.024) is higher than the one of the United States (-0.002), i.e. the average ratio of problem solving to literacy per worker is higher in Germany. This means that Germany is endowed with relatively more workers with a comparative advantage in industries that are relatively more intensive in problem solving. Manufacturing and equipment industries are more intensive in problem solving tasks than in communication tasks (i.e. they are more intensive in Self-Organisation vs. Management and Communication) compared to finance and insurance industries. Because Germany has relatively more workers with a comparative advantage in OECD SCIENCE, TECHNOLOGY AND INNOVATION WORKING PAPERS manufacturing and equipment industries (relative to finance and insurance) compared to the USA, it is relatively cheaper to produce manufacturing and equipment products in Germany than in the USA and hence Germany will export relatively more manufacturing products than the USA. Table 3 shows the average magnitudes of the effects implied by the coefficient estimates in Table 2 (column 2). To this end, the relative changes in the dependent variable (i.e. value added exports in Panel B) for a standard deviation change in the independent variables of interest are calculated. If the correlation between the comparative advantage and the absolute advantage of workers (measured using e.g. problem solving and literacy) increases by one standard deviation, value added exports in an industry that has a one standard deviation higher relative intensity (in Self-organisation vs. Management and Communication) than another industry increase by 7.7% (relative to that of the other industry). For the relative skill endowment channel, the same exercise leads to an increase in value added exports by 4%.
Average magnitudes of the effects of the joint skill distribution on specialisation patterns
To compare the magnitude of these trade effects of the country-wide joint skill distribution to the magnitudes implied by traditional measures of relative factor endowments used in empirical analysis of comparative advantage, we apply the same approach using the estimated coefficients for the traditional Heckscher-Ohlin controls shown in Table A3 . If a country increases its relative endowment of skilled to unskilled workers (measured by educational attainment) by one standard deviation, its value added exports in an industry that has a higher skill intensity by one standard deviation (than another industry) increase by 6.8% (relative to that of the other industry). For countries' relative endowment in capital to labour, the same exercise leads to an increase in value added exports by 4.1%.
Thus, this study finds empirical evidence that the mix of skills at the worker level (skill bundle) indeed plays an important role for the production process as well as for countries' specialisation and integration into the world economy and into GVCs. The combined effect of the country endowment with skill bundles, as measured by the correlation of relative and absolute comparative advantage of workers and the average relative skill endowment per workers, is significantly larger in magnitude than the effect of the relative endowment of capital to labour. Furthermore, it is not only the countries' relative endowment with different types of workers possessing each a single type of skill (i.e. the typical Heckscher-Ohlin-Effect) that matters for production and specialisation in international trade, but rather the endowment with workers who possess more than one skill. This study finds that the combined trade effect of the country endowment in skill bundles is significantly larger in magnitude than the effect of the relative endowment of skilled to unskilled workers measured by educational attainment.
To compare the implied magnitudes of the results for all three possible measures of workers skill bundles, Table 3 shows the relative changes in the dependent variable value added exports for a standard deviation change in the independent variables of interest for all three combinations of assessed cognitive skills. Each column corresponds to a different specification using the specific combination of cognitive skills to measure the skill bundles of workers (equal to Panel B, column 2 of Table 2 ). The results for the combination of problem solving and numeracy (column 2) are very similar to the described results for the combination of problem solving and literacy (column 1). Note: This table shows the percentage change of the dependent variable "valued added exports" in an industry relative to another industry (which has a one standard deviation lower skill intensity) that are implied by a one standard deviation change in the country specific endowment. The three columns correspond to the three specifications in Panel B, column 2 of Table 2 . In addition to Table 2 , we also include the following independent variables: interaction of countries relative endowment of physical capital to workers (in logs) interacted with an index ranking industries according to their relative intensity in physical capital as well as the interaction of countries relative endowment in skilled to unskilled workers (in logs) interacted with an index ranking industries according to their relative skill intensity. Details on the empirical specifications are described in the note to Table 2 .
However, when using numeracy and literacy to measure workers' skill bundles, the specialisation effect explained by the correlation of comparative and absolute skill advantages of workers is much lower than compared to using problem solving and literacy or problem solving and numeracy. The effect of the average relative skill endowment of workers on countries specialisation patterns becomes larger. Moreover, the specialisation effects explained by the relative endowment of skilled to unskilled workers (measured by educational attainment) increase strongly in the specification using numeracy and literacy to measure skill bundles of workers. This indicates that the combination of numeracy and literacy skills might not measure as important and distinct skill dimensions as the combinations involving problem solving skills. When using the combination of numeracy and literacy, the general measure of educational attainment explains a larger part of countries specialisation patterns than the joint skills bundle distribution.
This indicates that problem solving skills are a distinct set of skills compared to literacy and numeracy skills and that problem solving skills are important for the production and international specialisation of industries. Thus, to influence the industrial structure of their economies, countries might consider focusing on the relative endowment of their workers with problem solving skills compared to literacy and numeracy skills. Changing the relative endowment of workers with problem solving skill compared to literacy (or numeracy) skills has much stronger effects on international specialisation in GVCs than changing the relative endowment of workers with literacy compared to numeracy skills. Table 4 presents the results for the specifications testing the prediction of Bombardini et al. (2012) . The upper panel A shows the results for the dependent variable gross exports, panel B for exports in value added terms and panel C for domestic value added embedded in foreign final demand. Results are presented for all three assessed cognitive skills that are used to measure the residual skill dispersion in countries. The specification in column 1 includes the basic dummy variable set D1 (i.e. industry, exporter and importer dummy variables), column 2 includes additional dummy variables for aggregated sectors in the exporting and the importing country (D2). All specifications additionally include the final demand of the importing country at the industry level, bilateral trade costs as well as independent variables that control for other possible drivers of countries' specialisation in international markets, related to differences in the relative endowments of capital to labour and skilled to unskilled labour. Table 4 only presents the estimated coefficients for the independent variable of interest, i.e. the interaction of the country-specific residual skill dispersion with the industry-specific measure of skill complementarity. 33 For the preferred specification (column 2) and for the case of using problem solving to measure the residual skill dispersion of countries, the estimated coefficient is significant and shows the expected negative sign. As predicted by Bombardini et al. (2012) , a country with a high residual skill dispersion indeed specialises, i.e. exports more in gross and value added terms, in industries that show a lower skill complementary (i.e. have a low value in the indicator Management and Communication). Trade costs include bilateral trade cost variables from the CEPII database (log of bilateral distance as well as a dummy variable for common coloniser, common language, sharing a common border and having ever had a colonial link). The set of dummy variables used in D1 includes dummy variables for exporting and importing country as well as for industries. D2 includes additional dummy variables that control for all omitted aggregated sector characteristics for the exporting and importing country (34 industries are aggregated into the three sectors resource extraction, manufacturing and utilities as well as services). Robust SE are clustered at the exporter-importer level (*** p<0.01, ** p<0.05, * p<0.1).
Results for the predictions of Bombardini et al. (2012)
However, the negative effects are not significant when using literacy to measure countries' residual skill dispersion. When using numeracy, the effects become even positive and significant. This may be due to the fact that numeracy is less well suited to proxy for the residual skill dispersion that influences the production of industries in the theoretical model of Bombardini et al. (2012) . In their paper, the authors opt to only use literacy to measure the residual skill dispersion of countries, although numeracy was also available as a measure in the International Adult Literacy Survey (IALS) (see Ohnsorge and Trefler 2007 , who compute basic descriptive correlations using numeracy and literacy from the IALS). 34 This analysis shows that problem solving skills might be even better suited than literacy to proxy for the residual distribution of skills that are important for the production process.
To illustrate the magnitude of the effects that are implied by the coefficient estimates of Table 4 (column 2), simple partial equilibrium comparative statics as in Bombardini et al. (2012) have been calculated. The estimate for using problem solving to measure the country-specific residual skill dispersion, imply the following differences in exports in value added for two countries that differ with respect to the residual skill dispersion (e.g. Germany and Poland show a dispersion of 0.14 and 0.17, respectively) and two industries that differ in their skill complementarity in production (e.g. computer, electronic and optical products and food products which rank 22th and 4 th in the complementarity index, respectively). The estimate for the interaction term of the country-specific residual skill dispersion and industry-specific skill complementarity (-0.413) implies that exports in value added in computer, electronic and optical products relative to exports in food products (to any other foreign country) are 22% higher in Germany than in Poland.
This effect is due to the fact that firms in the computer, electronics and optical industries in Poland face a higher residual skill dispersion than in Germany, which leads to relatively higher production costs and lower output compared to food production. As the production of computer, electronics and optical products shows a relatively higher degree of skill complementarity, a more dispersed residual skill distribution of the work force is detrimental for the production process.
To illustrate the average magnitudes of the effects that are implied by the coefficient estimates of Table 4 (column 2), the authors compute the relative changes in the dependent variable (value added exports in Panel B) for a standard deviation change in the independent variables of interest using problem solving to measure the country-specific residual skill dispersion. If residual skill dispersion increases by one standard deviation, value added exports in an industry that has a skill complementarity in production higher by one standard deviation than another industry increase by 5.4% (relative to that other industry). This effect is comparable to the magnitudes implied by traditional measures of relative factor endowments, i.e. relative endowments of skilled to unskilled workers and relative endowment of capital to labour, which are 6.8% and 4.1%, respectively.
Conclusions
Taken together, the results presented above highlight the existence of strong relations between the international fragmentation of production and the skill endowments of countries. In particular, this study finds strong empirical evidence that the mix of skills at the worker level, i.e. their skill bundle, plays an important role for countries' industrial specialisation and their integration into GVCs. The magnitude of the implied effects of the distribution of skills' bundles is larger than the trade effects predicted by the relative endowment of capital to labour, which shows that skills are key for economies to thrive in GVCs. It is not only countries' relative endowment of different types of workers possessing each a single type of skill (i.e. the typical Heckscher-Ohlin-Effect) that matters for production and specialisation in international trade, but rather the endowment of workers possessing more than one skill.
GVCs are creating new opportunities and challenges for skills development. For countries to better integrate into and benefit the most from their connection to international production networks, education policies should aim at equipping all citizens with a mix of literacy, numeracy and problem-solving skills, as well as with managing and communication, marketing and accounting and self-organisation skills. This in turn calls for the need to guarantee the quality of general education, throughout the lifetime of OECD SCIENCE, TECHNOLOGY AND INNOVATION WORKING PAPERS individuals, the removal of barriers to access education and life-long learning, and improvements in the recognition of skills.
Policies focusing only on selected specific skills rather than bundles of skills may reduce the ability of countries to appropriate the benefits of GVC participation. This may require, among others, adapting the curricula in tertiary education to combine the teaching of cognitive and soft skills, i.e. STEM or problem solving skills need to be complemented with communication and team working skills. Furthermore, lifelong learning and training should target the skill needs required by the evolutions of a country's production structure. Policies targeting the development of a given industry can be inefficient and reduce a country's comparative advantage if skills do not match the requirements of the industry. As a consequence, effort should be put in understanding and anticipating the skills required in production, and how to effectively deploy the existing human capital. This, in turn, requires strengthening the coordination between the private sector and the education system.
This study further highlights that education and skills policies, often thought to be only remotely linked to industrial and trade policies, strongly influence countries' industrial structure and specialisation in international trade, through shaping the within country distribution of skills. Enhanced coordination and alignment of industrial and trade policies with education and skills policies thus seems to be necessary to avoid counteracting policies and arising inefficiencies. As educational institutions and settings, as well as their effect on countries' skill endowments are generally more persistent than other institutions (Bombardini et al. 2012) , the careful design of education and skills policies is key. They further need to be aligned with other policies affecting industry structure and performance and specialisation in international trade.
Furthermore, this study also finds evidence that problem solving skills are a somewhat distinct set of skills compared to the basic skills literacy and numeracy and that problem solving skills are especially important for the production and international specialisation of industries. Changing the relative endowment of workers with problem solving skills compared to literacy (or numeracy) skills may have a much stronger effect on international specialisation in GVCs than changing the relative endowment of workers with literacy compared to numeracy skills. It remains an important area of future policy-relevant research to explore which education and skills policies can shape the type of problem solving skills that seem to be crucial for industries to thrive in a global economy. Each row-pair of the table corresponds to a single specification, whereby the interaction terms capturing the skill correlation channel and the relative skill endowment channel, respectively, enter together in one specification. Different row pairs use different definitions for the skill correlations and for relative skill endowments as well as for the continuous industry intensity measures. Each column represents a different specification regarding the inclusion of certain sets of dummy variables. All specifications include the final demand at the importer-industry level as independent variable. Traditional Heckscher-Ohlin-(HO)-Controls include the interaction of countries relative endowment of physical capital to workers (in logs) interacted with the industry intensity in physical capital as well as the interaction of countries relative endowment in skilled to unskilled workers (in logs) interacted with the industry skill intensity. Trade costs include bilateral trade cost variables from the CEPII database (log of bilateral distance as well as a dummy variable for common colonizer, common language, sharing a common border and having ever had a colonial link). The set of dummy variables used in D1 includes dummy variables for exporting and importing country as well as for industries. D2 includes additional dummy variables that control for all omitted aggregated sector characteristics for the exporting and importing country (34 industries are aggregated into the three sectors resource extraction, manufacturing and utilities as well as services). Robust SE are clustered at the exporter-importer level (*** p<0.01, ** p<0.05, * p<0.1). Each column represents a different specification regarding the inclusion of certain sets of dummy variables. All specifications include the final demand at the importer-industry level as independent variable. Traditional Heckscher-Ohlin-(HO)-Controls include the interaction of countries relative endowment of physical capital to workers (in logs) interacted with industry capital intensity as well as countries relative endowment in skilled to unskilled workers (in logs) interacted with industry skill intensity. Trade costs include bilateral trade cost variables from the CEPII database (log of bilateral distance as well as a dummy variable for common colonizer, common language, sharing a common border and having ever had a colonial link). The set of dummy variables used in D1 includes dummy variables for exporting and importing country as well as for industries. D2 includes additional dummy variables that control for all omitted aggregated sector characteristics for the exporting and importing country (34 industries are aggregated into the three sectors resource extraction, manufacturing and utilities as well as services). Robust SE are clustered at the exporter-importer level (*** p<0.01, ** p<0.05, * p<0.1). (1), in value added terms (2) and the domestic value added embedded in foreign final demand (3). The dataset includes 23 exporting countries, 61 partner countries and 34 TiVA industries for the year 2011. All specifications include the final demand at the importer-industry level as independent variable. Traditional Heckscher-Ohlin-(HO)-Controls include the interaction of countries' relative endowment of physical capital to workers (in logs) interacted with an index ranking industries according to their relative intensity in physical capital as well as the interaction of countries' relative endowment in skilled to unskilled workers (in logs) interacted with an index ranking industries according to their relative skill intensity. Trade costs include bilateral trade cost variables from the CEPII database (log of bilateral distance as well as a dummy variable for common colonizer, common language, sharing a common border and having ever had a colonial link). All specifications include dummy variables for exporting and importing country, for industries as well as additional dummy variables that control for all omitted aggregated sector characteristics for the exporting and importing country (34 industries are aggregated into the three sectors resource extraction, manufacturing and utilities as well as services). Robust SE are clustered at the exporter-importer level (*** p<0.01, ** p<0.05, * p<0.1). (1), in value added terms (2) and the domestic value added embedded in foreign final demand (3). The dataset includes 23 exporting countries, 61 partner countries and 34 TiVA industries for the year 2011. All specifications include the final demand at the importer-industry level as independent variable. Traditional Heckscher-Ohlin-(HO)-Controls include the interaction of countries relative endowment of physical capital to workers (in logs) interacted with an index ranking industries according to their relative intensity in physical capital as well as the interaction of countries relative endowment in skilled to unskilled workers (in logs) interacted with an index ranking industries according to their relative skill intensity. Trade costs include bilateral trade cost variables from the CEPII database (log of bilateral distance as well as a dummy variable for common colonizer, common language, sharing a common border and having ever had a colonial link). All specifications include dummy variables for exporting and importing country, for industries as well as additional dummy variables that control for all omitted aggregated sector characteristics for the exporting and importing country (34 industries are aggregated into the three sectors resource extraction, manufacturing and utilities as well as services). Robust SE are clustered at the exporter-importer level (*** p<0.01, ** p<0.05, * p<0.1). Note: WOR is the industry intensity averaged across countries (as used in the empirical specification to rank industries).
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Descriptive Statistics
Table A8: Rank correlations of relative industry intensities in Marketing vs. Management across countries
Source: Authors' own compilation on data from PIAAC, TiVA and other sources.
Note: WOR is the industry intensity averaged across countries (as used in the empirical specification to rank industries). Note: WOR is the industry intensity averaged across countries (as used in the empirical specification to rank industries). The relative skill intensity of industries is defined on the basis of production needs. Define isoquants in the skill space as the curves showing all the combinations of inputs that yield the same levels of output, with quantitative skills measured on the y axis and communication skills on the x axis. An industry i is said to be relatively intensive in quantitative skills compared to another industry j, if at the point of intersection of the isoquants in the skill space the isoquant of industry i is flatter than the slope of isoquant of industry j. 6 Ohnsorge and Trefler (2007) assume that there are no distortions in product and factor markets and information asymmetries do not exist. 7.
Table A10: Rank correlations of industry intensities in Managing and Communication across countries
The decision to single out the skill in the denominator and call it absolute advantage is arbitrary. The authors could also have chosen the skill in the nominator, here quantitative skills, and define this as absolute advantage. For a given ratio of both skills, a larger nominator implies a larger denominator and vice versa. 8.
For tractability reasons, Ohnsorge and Trefler (2007) define the variables in their model in logs. For the empirical application in their paper, they compute the correlation ρ as the correlation between the log of the ratio of numeracy to literacy with log of literacy across all workers in one country. 9.
See https://www.onetonline.org/ 10.
Following the literature on comparative advantage, in a robustness check, the authors also use the assessed cognitive skills of individuals to compute the relative intensity of industries in those skills. Results are in line with the main results of this paper and can be obtained from the authors upon request. 11.
The PIAAC background questionnaire includes groups of questions that were designed to measure the use of the three assessed cognitive skills on the job. However, as discussed in Grundke et al (2017) , the questions within one group often do not seem to measure the same underlying skill concept, which is why the authors decided to apply statistical factor analysis methods to construct new indicators of job-specific skill requirements. In a robustness check for this paper, the authors also compute the relative intensity of industries in the three types of cognitive skills using the original item batteries from the PIAAC background questionnaire. Results are in line with the main results of this paper and can be obtained from the authors upon request. 12. Ohnsorge and Trefler (2007) define the variables in their model in logs. For the empirical application in this study, the authors follow Ohnsorge and Trefler (2007) and compute the correlation ρ as the correlation between the log of the ratio of two skills with the log of the skill in the denominator across all workers in one country. 13
As mentioned Ohnsorge and Trefler (2007) define the variables in their model in logs. This study follows Ohnsorge and Trefler (2007) and computes the country-specific relative endowment in cognitive skills (e.g. problem solving and numeracy) as the average of the (log of the) ratio of the two cognitive skills.
14.
As the literature on comparative advantage assumes that the ranking of the relative intensity of industries does not change across countries (Bombardini et al. 2012 , Chor 2010 , Nunn 2007 , Rajan and Zingales 1998 , the authors computed the relative intensities of industries per country and looked at the rank OECD SCIENCE, TECHNOLOGY AND INNOVATION WORKING PAPERS correlation coefficients between the industry rankings of different countries to verify the robustness of this assumption (see Table A7 -A10 in Appendix). The rank correlation coefficients between countries and the computed world average (WOR) are shown to be close to 0.80, thus supporting the assumption made in the literature.
15.
In a robustness check, the relative industry intensity is calculated as the average of the ratio of task-based skill A to task-based skill B (at the individual level) across countries and individuals. This leaves results unchanged. The results can be obtained from the authors upon request 16.
The authors also estimate each specification using the continuous ratio as a measure of the relative industry intensities. Again, results appear robust to such changes (Table A1 , A2). 17.
The following note is included at the request of Turkey: "The information in this document with reference to 'Cyprus' relates to the southern part of the Island.
There is no single authority representing both Turkish and Greek Cypriot people on the Island. Turkey recognises the Turkish Republic of Northern Cyprus (TRNC). Until a lasting and equitable solution is found within the context of United Nations, Turkey shall preserve its position concerning the 'Cyprus' issue." 18.
The following note is included at the request of all the European Union Member States of the OECD and the European Union: "The Republic of Cyprus is recognized by all members of the United Nations with the exception of Turkey. The information in this document relates to the area under the effective control of the Government of the Republic of Cyprus." 19.
The list of 34 industries with corresponding ISIC Rev. 3 codes can be found on the OECD website (http://www.oecd.org/sti/ind/TiVA_2015_Industry_List.pdf). 20.
Alternatively, a weighted average over all PIAAC countries has been computed, whereby each country is weighted by its share in world's total net fixed assets. Results appear robust to using either measures of the average capital intensity of industries. In estimates not reported here, this study has also used data on industries' capital intensity and relative endowment of countries in capital to labour for former years (2000, 2005, 2008, and 2009 ), leaving results unchanged. 21.
See www.wiod.org.
22.
In robustness checks, other independent variables are also taken for the year 2009 and results do not change. Using skill intensity of industries and countries' relative endowments of skilled workers for the years 2000, 2005 or 2008 does not change the results either.
23.
Estimates appear robust to defining skilled workers as having completed a tertiary degree, rather than using the broader definition of secondary and tertiary education.
24.
See http://www.cepii.fr/ 25. This variable measures the participation of services sectors in exporting more accurately as it captures the value added created in services sector k and used by manufacturing sectors as inputs for products exported to country j. 26.
In the baseline estimation, indices ranking industries according to these computed characteristics are used (larger rank numbers indicating higher values), whereas in a robustness check the computed continuous measures enter the specification instead of the ranking indices (Appendix Table A1 , A2).
27.
In a robustness check, the continuous industry intensity measures are used in the specification (Appendix Table A1 , A2).
28.
The effect of the countries' variance of the joint skill distribution on specialisation patterns cannot be investigated empirically; because the construction of an index that would rank countries according to the variance of the joint skill distribution was not feasible. The index, if created, could only take three values, given that, for many countries, it is impossible to identify a stochastic dominance of one joint skill distribution over the other.
29.
Entering the two interaction terms in distinct specifications (as in equation 1) leads to an omitted variables bias. Results can be obtained from the authors upon request.
30.
In another robustness check, the authors also compute the relative intensity of industries in the three types of cognitive skills using the original item batteries from the PIAAC background questionnaire that were designed to measure the use of the cognitive skills at the workplace (and not the new task-based skill indicators). Results are in line with the main results of this paper and can be obtained from the authors upon request.
31.
For the case of using problem solving and literacy to measure skill endowments, the estimated coefficients for the other independent variables as well as other regression statistics can be found in Appendix Table  A3 . 32.
The finance and insurance industry ranks 7 th in the relative intensity index for Self-Organisation vs. Management and Communication, the industry manufacturing and equipment ranks 25 th ; see Table A5 Appendix.
33.
For the case of using problem solving to measure the residual skill dispersion, the estimated coefficients for the other independent variables as well as other regression statistics can be found in Appendix Table A4 . 34.
The residual skill dispersions computed using literacy and numeracy differ across countries (Figure 3) , which explains why the coefficients in Table 4 are different for numeracy and literacy.
